Abstract-This paper presents a first version of a taxonomy of automatic sleep patterns found with the Affectiva Q TM Sensor, a wireless, logging biosensor that measures skin conductance, skin temperature, and motion comfortably from the wrist. Several studies have examined electrodermal activity (EDA) during sleep, but they focused on an analysis of EDA for only a small number of nights. We quantitatively analyzed EDA during sleep in three study situations: (1) Comparing EDA with polysomnography (PSG) from seven subjects in a sleep lab, (2) Characterizing multiple nights of EDA in a sleep lab, in a hospital and at home from 24 subjects, and (3) Gathering long-term EDA (30-60 nights) patterns from three subjects during home sleep. After gathering this rich corpus of data, we characterized inter-and intra-individual differences of EDA features and the relation of EDA peaks to subjective sleep quality. Here we present results from the three studies in an effort to begin to characterize autonomic patterns found in natural sleep.
I. INTRODUCTION
lectrodermal activity (EDA) is widely used in psychophysiology and provides a measure of sympathetic nervous system (SNS) activity, where the SNS is one of the main branches of the autonomic nervous system. Classically, EDA has been measured as skin conductance and involves attaching wired and gelled electrodes to the skin [1] . Studies on EDA during sleep have shown that EDA is more likely to appear elevated with high frequency "storm" patterns during deep sleep [2] , that EDA can distinguish wake and sleep and indicate sleep onset, and that it is not generally sufficient for identifying sleep stages [3] .
These studies focused on analysis of only one night or on short-term data with only limited features, and to our knowledge all of the studies were performed in sleep labs where sleep may not have been as natural as at home. In order to characterize autonomic sleep patterns precisely and quantitatively, long-term natural data is needed. This paper is the first we know of to present long-term EDA data and an initial characterization of the patterns in this SNS signal.
Polysomnography (PSG) is currently a gold standard to evaluate and diagnose sleep patterns; however, the sensors tend to be uncomfortable and expensive, take a long time to put on, and may interfere with home sleep. Actigraphy is a Manuscript received April 13, 2011. This work was supported in part by the MIT Media Laboratory Consortium sponsors.
Akane Sano is a graduate student and Rosalind W. Picard is a professor in the Affective Computing Group, Media Lab, Massachusetts Institute of Technology, Cambridge, MA, 02139, USA (e-mail: akanes@mit.edu). Full disclosure: Picard is also co-founder, chief scientist, and chairman of Affectiva, the company who manufactures the Q™ sensors we used. much less invasive method often used to evaluate daytime and sleep activity with a wrist device; however, it is limited to measurement of movement, and can suggest you are asleep even when you are awake, e.g., if you are engrossed watching a great movie and not moving. The sensor used in this study measures both EDA and actigraphy, so it can more accurately measure sleep in detail.
This paper aims to evaluate EDA sleep patterns quantitatively in detail from healthy groups using the wearable sensor, and thereby begin to develop a taxonomy of autonomic patterns during sleep. We also analyze the relationship between this new EDA measurement from the wrist and standard PSG. One of our goals is to better understand what the changing patterns of EDA mean in terms of traditional PSG.
II. METHODS

A. Measurement
In this paper, we examine EDA during sleep by monitoring skin conductance (SC) on the inner wrist (ventral forearm) using the Affectiva Q TM Sensor with 1cm diameter Ag-AgCl dry electrodes. EDA, actigraphy and skin surface temperature data are logged at the sampling rate, either at 8Hz or 32Hz. The Massachusetts Institute of Technology Committee On the Use of Humans as Experimental Subjects (COUHES) approved this study. We collected EDA under 3 different conditions: (1) EDA data with concurrent polysomnography (PSG) consisting of 30-second epochs of sleep stages labeled by experts (Wake, REM, Non-REM 1, 2 and Slow wave sleep (SWS)) for seven healthy university students (ages 18-22, 5males) each sleeping one night in a hospital; (2) 54 nights of EDA data for 24 healthy university students (ages 18-22, 16 males) sleeping at hospital, laboratory and home and (3) long-term EDA data (26, 66, and 48 nights) for three subjects (one male and two females, ages 27, 30 and 48) sleeping at home. Subjects put the sensor on the wrist before going to bed, and took it off after waking.
B. Analysis
The data are analyzed as follows: 1. Pre-processing: Standard zero-crossing and Cole's function applied to the accelerometer data was used to discriminate between sleep and wake [4] . Only data that is determined to be sleep was further processed. EDA data was low-pass filtered (cutoff frequency 0.4 Hz, 32nd order FIR filter). 2. We detected EDA "storm" regions, where "storm" (first described by Burch [5] ) refers to a region of EDA with a burst Burch originally quantified a storm as a minimum of five galvanic skin responses (GSRs)/min for at least ten consecutive minutes of sleep. In this paper, we defined "storm epochs" as a 30 second epoch with a minimum of three GSRs/30s. If storm epochs are adjacent or within five minutes of each other, they are combined into a "storm".
Toward a Taxonomy of Autonomic Sleep Patterns with Electrodermal Activity
3. We counted the number of storms per night as well as the number of storm epochs. We also calculated the number of peaks in storms, durations of storms, peak frequency, amplitude and onset time of the first storm. We compared these storm characteristics to sleep stages.
4. We analyzed the correlations between EDA characteristics and sleep stages.
We also analyzed correlations among EDA characteristics.
5. Participants in the first two studies were also asked to rate their sleep quality (scale= 1 -4: Excellent, Good, Fair, and Poor) and we compared this to the EDA storm patterns. Figure 1 shows one night of EDA, motion and EDA storms with sleep stages and Fig. 2 shows the percentage of each sleep stage over one night. As shown in Fig. 3 , six out of seven subjects showed EDA storms during the night. Most storms occurred in Non-REM 2 and SWS. In most subjects, SWS showed more variation of EDA amplitude and most subjects showed less than one micro Siemens EDA (Fig. 4) .
III. RESULTS
A. Relationship between PSG and EDA
We examined the correlation between EDA characteristics and sleep stages. A higher percentage of storm epochs during SWS of the 1st quarter of the night was associated with slower frequency of EDA peaks during SWS over the whole night (p < .01) and with greater subjective sleep quality (p < .05, Fig. 5 ). Higher average EDA peaks per minute over the night was correlated with higher average EDA peaks per minute in SWS (p < .01).
B. Inter-individual differences in EDA
We analyzed the correlations between features, such as frequency of peaks and storms, and the time until onset of the first storm.
According to all data from 24 subjects, 36 out of 54 nights did show storms (67 %). Analysis showed earlier onset of the first storm was correlated with a larger number of storms (p < .05). A longer percentage of storms in the 1st quarter of the night was associated with a larger number of peaks over the night (p < .01). In addition, we found that nights with two storms were most frequent (Fig. 6 ) and the average number of peaks in EDA storm epochs was most typically four (Fig. 7) . Thirty seconds was most frequent in EDA storm duration; moreover, the longest duration was 51 minutes. Twenty peaks of storms were most often observed over the night (Fig. 8) .
The numbers of epochs with peaks and storms were not correlated with the length of sleep. The first storm occurred most often within 60 minutes after falling asleep (Fig. 9) . 
C. Intra/inter individual differences from lo
We also analyzed long-term data from t shown in Figure 10 , participant 3 showed lat larger variation than participants 1 and 2. H initiating sleep was neither correlated with storms nor the number of peaks of the first s
The three subjects showed storms in 64%, all nights. Figure 11 shows that the onset was most probable within 60-120 minute ong-term EDA three subjects. As ter sleep time and However, the time the onset of first storm. , 77% and 71% of of the first storm s of sleep onset.
EDA amplitude was most likely to Siemens, as shown in Fig. 12 . percentage of epochs with peaks in showed the most storms in the first a the other hand, participant 2 showed the 3nd and 4th quarters and parti equally in the 2nd, 3nd and 4 participant 1, who was on the mos showed that the number of peaks of E the number of storms increased (F data from three subjects also showed first storm is associated with a large .05), the same behavior seen with the who showed storms. In this EDA study, we found intra-and differences, but we also discovered some disagreement with previous findings.
EDA storms did not always occur every EDA storms did not occur during every SW stage; however, the occurrence tendency o consistent with previous reports that most s storms occur during SWS and tend to decr during REM sleep [6] . Moreover, this result another of our findings: higher average minute over the night was correlated with EDA peaks per minute in SWS (p < .01). number of storms of 2 storms per night is co average of 2-3 storms per night shown however, Ware et al. reported that all subje least one night of four nights.
In our result, EDA storms also someti N-REM 2 and very rarely but sometimes bri For some subjects, the number of peaks decreased over the sleep period on most nigh is not applicable to all subjects. Some stud that EDA during sleep is related to preslee and sleep deprivation; however, clear and co have not been provided [8] .
In addition, it is interesting to note that a h of storm epochs during SWS of 1st quarter associated with greater subjective sleep q More synchronized subject data is needed t the findings, but this finding has the poten use of EDA peaks for biomarkers of subject Our results showed that one of the three one with the most regular bedtime, showe earlier during sleep, but the other two par them later. Generally, more SWS occurs in the night than the later; therefore, this finding to the fact that storms were observed in N-SWS. Previous studies have shown that ED distributed over the night: Freixa i Baqué spontaneous EDA activity is less frequent ( the first full sleep cycle compared to the late However, at least one study has found tha frequent in the latter half of sleep, especia full sleep cycle [10] .
Finally, our EDA was measured on the while previous studies mostly examined ED surface. Some of our earlier comparisons The most typical onsistent with the n previously [7] ; ects stormed on at imes appeared in iefly in REM. s in EDA storms hts; however, this dies have reported ep activity, stress, onsistent findings higher percentage r of the night was quality (p < .05). to be confident of ntial to enable the tive sleep quality. e participants, the ed frequent peaks rticipants showed the earlier part of g might be related -REM2 as well as DA is not evenly et al. found that (i.e., 60%) during er three cycles [9] . at EDA was less lly after the third ventral forearm, DA on the palmar showed that the EDA amplitude and storm patte pronounced on the wrist than on the more likely to be found on the wri included over 100 nights and were people so it is possible they do not ho V. CONCLUSI We analyzed EDA with PSG from home sleep over many people and ov on the detection of high-frequency E peaks called "storms." The occurren EDA storms differed in each ni however, we found some tendenci appear in N-REM 2 and SWS; arou EDA storms with an average of minutes onset time to the first storm storm is related to a larger number We also found a relationship betwee and a higher percentage of SWS sto quarter of the night. 4 5 erns are usually more palm, and thus peaks are ist [11] . These measures e on a small number of old across the population. 
